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Abstract

Deep neural networks (DNNSs) are pervasive across various domains,
with inference requests often generated at the network edge, where
resources are limited and energy efficiency is critical. Techniques
like Post-Training Quantization (PTQ) also emerged to facilitate
inference at the edge, trading off resource demand with accuracy.
However, running inference entirely on devices can lead to high
latency and excessive battery drain, while executing it exclusively
in the cloud introduces communication delays and may result in
a significant environmental impact. As such, inference tasks must
carefully exploit both edge and cloud computing resources, lever-
aging DNN model splitting (or partitioning).

In this work, we present a multi-objective optimization problem
to distribute DNN model inference across the edge—cloud contin-
uum while integrating PTQ. We develop a prototype architecture to
profile DNN models and the underlying computing infrastructure,
and we address the issue of estimating quantization noise. Evalu-
ated on YOLO11 vision models, our approach achieves significant
reductions in both inference times and energy consumption (up to
30% for both metrics) compared to device-only inference execution.
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1 Introduction

The integration of Deep Learning (DL) models within Artificial
Intelligence (AI) pipelines is becoming ubiquitous across various
domains (e.g., speech recognition, autonomous driving, image anal-
ysis [3]). While model training is usually executed in the cloud
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using powerful GPU clusters, inference requests are frequently gen-
erated at the network edge, by devices like sensors, smartphones or
drones, where resources are limited and energy efficiency is critical.
These devices may struggle to sustain inference workloads alone
due to limited computing capacity and (possibly) excessive battery
drain, especially as Al models rapidly grow in size and complexity.
At the same time, serving inference requests only in the cloud is
suboptimal due to data transfer overheads, privacy concerns, and
the environmental impact of data center carbon footprints [13].

A viable approach to address these challenges is to split (or
partition) DNN models and distribute their layers across a spectrum
of resources, from edge devices to cloud servers, to balance latency,
energy consumption, and performance. This approach may be used
— for instance — to move more resource-demanding layers to cloud
servers, while keeping the rest of the DNN on local device. However,
optimal model splitting requires careful consideration of network
conditions and heterogeneous capabilities of different hardware,
including their energy requirements.

In addition to model splitting, several techniques have been pro-
posed to accelerate inference workloads at the edge [16]. Among
them, model approximation aims to reduce inference costs accept-
ing (limited) accuracy degradation. In particular, Post-Training
Quantization (PTQ), which reduces the numerical precision of net-
work weights and/or activations, is appealing as it accelerates com-
putation and reduces data size without model re-training [6]. Nev-
ertheless, PTQ introduces quantization noise, which may degrade
the accuracy of the model and therefore must be carefully managed.

This work aims to optimally distribute DL inference across the
edge—cloud continuum while integrating PTQ. The goal is to jointly
minimize inference time and energy consumption, subject to con-
straints on maximum quantization noise and edge device energy
budget. The proposed approach takes into account device hetero-
geneity, as well as computational and transmission costs, and, dif-
ferently from related works [10, 11], considers the effects of quanti-
zation on both execution time and data transfer.

Our key contributions can be summarized as follows:

e We present a holistic framework for the deployment of DL
models in the edge—cloud continuum, which, starting from
model and network characteristic profiles, automatically op-
timizes distributed inference tasks (Sec. 3).

e We propose an efficient data-driven approach to model the
quantization noise (Sec. 4).

e We formulate the optimal deployment problem as an Inte-
ger Linear Programming (ILP) problem, jointly considering
model splitting and quantization (Sec. 5).

e By deploying our framework on a small testbed in a public
cloud infrastructure, we demonstrate the effectiveness of our
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approach and the impact of jointly modeling splitting and
quantization, considering YOLO11 models [7] (Sec. 6).

As a work in progress, this paper highlights a promising direction
that can be further extended, as discussed in Sec. 7.

2 Related Works

The computational challenges of performing DL inference at the
network edge have motivated research works for more efficient
workload distribution [12], as well as techniques to trade off accu-
racy for reduced computational demand, such as model pruning
and quantization [9], early exit, or compression [15], as surveyed
in [17]. We briefly review the approaches closest to ours that lever-
age model splitting and (possibly) quantization.

Model splitting (or partitioning) has emerged as a key technique
to distribute DL inference workloads across multiple infrastructure
layers [12, 17]. Most research focuses on a two-layer architecture,
typically involving only edge devices and cloud servers, and address
model splitting using various methodologies, including optimiza-
tion theory, heuristics, and reinforcement learning. Earlier works
dealt with sequential DNNs (e.g., [8]), while more recent studies
address complex directed acyclic graphs (e.g. [2]). The works most
relevant to our study are [4, 5, 8]. In [8] predictive models estimate,
for a given device and layer type, the time and energy required to
execute that layer on the device. The partition point is evaluated
after each layer, splitting the DNN into a “head” executed locally
and a “tail” executed in the cloud, on the basis of latency or en-
ergy consumption, factoring in transmission time. In [4] a joint
device-cloud inference framework minimizes energy consumption
while ensuring that inference time remains below a threshold. The
model is split into consecutive layers, and the optimal allocation is
found through a shortest-path problem on a decision graph. In [5] a
more complex scenario is considered with multiple paths between a
device and edge nodes. Intermediate nodes can execute parts of the
model, and the goal is to find the optimal path and layer allocation
to minimize inference time. The problem is modeled as an adver-
sarial multi-armed bandit problem, allowing for online learning
of the optimal path even under uncertain network conditions. In
contrast to these works, we consider an edge-cloud continuum sce-
nario, where the DNN layers can be split across multiple computing
layers, rather than just between two layers, minimizing inference
time and energy consumption.

Works that leverage both model splitting and quantization have
also been proposed [2, 10, 11]. In [10], the optimization phase fo-
cuses on finding the best partition point of the DNN to minimize
the total inference time; once the network is split into the edge and
the cloud parts, the edge part is quantized. Auto-Split [2] relies on
an optimization problem to identify the split between edge device
and cloud server and the bit-width assignment for weights and ac-
tivations, but it does not consider energy aspects, as we do. In [11]
a formulation similar to [18] is used to find the optimal precision
for both weights and activations of (mainly) linear classifiers, while
also proving the linearity of the noise induced by quantization.

Compared to [10], our approach considers the impact of quanti-
zation in terms of both computation and transmission time during
the optimization phase. Furthermore, unlike [11], our approach can
handle complex DNN topologies, such as YOLO11 models.
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3 Proposed Architecture

We propose a framework to optimally serve DNN inference re-
quests in the edge-cloud continuum. Starting from ONNX model
format and ONNX Runtime, our framework introduces essential
components to profile, optimize and deploy inference workloads in
a distributed manner. Figure 1 illustrates a high-level representation
of the framework, with the six core components described below.

Model Profiling. We extract the main characteristics of the
input DNN, modeling it as a graph; for example, we extract the
names of the layers or information about the tensors. We also build
a polynomial regression to predict the quantization noise, as better
explained in Sec. 4.

Network Profiling. We model the server network’s character-
istics as a graph, for example, extracting latency and bandwidth
information. We also collect information about the servers in the
system, such as their energy characteristics.

Execution Profiling. For each layer of the DNN, we profile the
time taken to run it on each server; as we are considering quanti-
zation, the profiling is done for both the standard and quantized
versions of the layer. Moreover, in order to reduce the overhead
given by executing separated layers, we profile the time taken to
run the whole model, both in its not quantized and mixed versions.

Plan Generation. We gather the profiles generated in previous
phases in order to generate a deployment plan. This phase can be
divided into two phases. In the Optimization Phase, we use the pro-
files to build and solve an optimization problem. The output of this
first phase is a group of layers assignments, as well as the decision
regarding which layers should be quantized. In the Post-processing
Phase, starting from the assignments and from the quantization
decisions, we build a graph of components, where each component
represents a sub-model of the original one. We then generate a de-
ployment plan containing the main information about the structure
of the components graph, as well as the information regarding the
layers that should be quantized.

Plan Actuation. According to what is indicated in the deploy-
ment plan, we first generate a version of the model with quantized
layers, and then we split the model, breaking it into sub-models.
Finally, we provide each server in the system with the plan and the
components assigned to it.

Inference. Following the optimized plan, the servers in the
system can collaborate in the inference process, exchanging the
intermediate results of their sub-models until obtaining the final
output of the model.

4 OQuantization Noise Modeling
In our modeling, we define the quantization noise as follows:

. §A : [ I
. — Il 0; — 0
P n m i i,g ll1

i=1

1)

where A is the size of the dataset, m is the dimensionality of the
output, o; and o; 4 are the outputs of the original and quantized
models on i-th sample.

Modeling noise becomes increasingly complex as the model
size grows: in fact, for a DNN with L layers, considering even a
single variant of quantization results in 2L possible versions of the
quantized model. Therefore, to limit the resulting complexity, we
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Figure 1: Overview of our framework.

focus on the subset of layers that can benefit most from quantization,
i.e., the layers with the maximum computational demand, measured
in FLOPS.

Assuming there are L quantizable layers and denoting Vg as the
subset of these layers, we model the quantization noise as follows:

p@= > |ec-[]a-]]a-aw

CceP(Vp) ieC  igC

@

where pc is the noise for the quantization configuration C, g; rep-
resents whether the i-th layer is quantized (with ¢; € {0, 1}), and
P (Vo) is the power set of V.

However, to integrate such formulation into an optimization
problem, we would need to compute pc for all the possible con-
figurations. To avoid doing so, we approximate the value of p(q)
training a polynomial regressor. Specifically, we randomly build
a subset of the 2-Q quantization combinations and evaluate the
quantization noise for each of the resulting quantized models. The
produced training set is used to train the regressor n(q):

>, (Ac 11 qi) 3)

CEPSd(VQ) ieC

n(q) =

where d is the degree of the polynomial, P 4(Vp) is the power set
of Vg restricted to the elements of cardinality less or equal to d,
and Ac is the coefficient for a combination C in P4(Vp).

Such a predictor can be integrated into an optimization problem
much more easily than the exact model, as we can control the
complexity of the polynomial with its degree d, and the product
of variables is much less complex. Moreover, as we are training a
polynomial, we do not need the noise for all combinations, but just
for a subset: clearly, the more data we use for training, the more
accurate the predictions will be.

In Table 1 we present an example of regression fitting applied to
the raw output of YOLO11n-det model with INT8 quantization. In
this experiment, we considered 10 quantizable layers, a calibration
set of 100 samples, a noise evaluation set of 10 samples, a train set
of 500 samples, and a test set of 50 samples. The result shows that
the performance of the polynomial fitting improves as the degree
increases, reaching its maximum at the 4th degree, and showing
the first signs of overfitting starting from the 5th degree.
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Table 1: R?-scores as a function of polynomial degree

Deg1 | Deg2 | Deg3 | Deg4 | Deg5
Train Score | 0.8711 | 0.9759 | 0.9989 1.0 1.0
Test Score | 0.8830 | 0.9784 | 0.9984 | 0.9998 | 0.9950

Since the third-degree polynomial achieved good scores on both
the training and test sets, we selected this degree for the experi-
ments in Sec. 6, as it provides a good tradeoff between noise pre-
diction accuracy and polynomial complexity.

The strategy we presented aims to model quantization noise on
the DNN output rather than the drop in accuracy. While end users
are most concerned with the latter, the former is more general, as it
can be easily adapted to a wide range of tasks and does not depend
on the availability of labeled validation data. In general, we expect
the quantization noise to be sufficiently correlated with accuracy
degradation to serve as a reliable indicator [1, 14]. In what follows,
we consider only INT8 quantization, as it is broadly supported by
various hardware platforms and by the inference framework we
have chosen, namely ONNX Runtime.

5 Optimization Problem

In this section, we present the optimization problem we formulated
to optimally partition the DNN across computing layers, taking
into account inference time, energy consumption, and the potential
benefit of quantization.

5.1 Base Model

We model the DNN and the server network as two separate graphs,
as follows:

e The DNN is a directed acyclic graph (DAG) Gp = (Vp, Ep)
with additional information Tp regarding tensors transmit-
ted among its layers. To add, let V; ¢ Vp and Vp C Vp be
the input and output layers of the DNN, respectively.

e The server network is a mesh Gy = (Vn, En) with loops
(i.e., Yk € VN, (k, k) € EN).

We model the problem as a graph assignment problem, consid-
ering both computation and energy aspects. For each, we account
for the contributions from both computation and transmission, as
well as the benefits provided by quantization.

The main decision variables of the optimization problem are:

o xjr €{0,1} Vie Vp,Vk € VN; x = 1ifflayeri € Vp is
assigned to server k € Vy;

ey €{0,1} Vit e Tp,Vn € EnN;ym = liff tensor t € Tp is
transmitted through network link n € En;

e q; €{0,1} Vie Vp;q; =1ifflayeri € Vp is quantized;

. x?k € {0,1} VieVp,Vke VN;x?k = lifflayer i is assigned
to server k and quantization is activated for layer i;

. y?n € {0,1} Vt € Tp,Vn € Ep; y?n = 1 iff tensor ¢ is
transmitted through network link n and the generator layer
of tensor ¢ is quantized.

5.2 Time and Energy Model

5.2.1 Computation Time. We measure the processing time for (pos-
sibly quantized) layer i on server k as part of the Execution Profile
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phase: let this time be f; (i, ¢;). Consequently, we can model the
time taken to run a layer as follows:

T = fi(i,0) - xjp = (i (5,0) = fir (i, 1)) - xi - qi
= fie(i,0) - xige = (fie(5,0) = fie(i,1)) - x5y

where the term in parentheses can be interpreted as a quantiza-

tion gain and where the x?k variable is subject to the linearization

constraints of product, which are:

©

xS i s)
As a result, the computation time of server k ch and the total
computation time T can be computed as follows:

[-yn Tty

ieVp kEVN

xinm xinm+%—1

(6)

5.2.2  Transmission Time. Considering the following:

e t a tensor of the DNN, t € Tp;

e n anetwork link, n € En, with n[0] and n[1] its source and
sink nodes;

g(t,n) the time taken to transmit the tensor ¢ through the
network link n;

i € Vp the source layer of tensor ¢.

We measure the bandwidth and round-trip time (RTT) of network
link n as part of the Network Profile phase; let g(t, n) be:

glt,n) = 2L
n

™

where s; is the size of tensor t in megabyte (MB) and by, is the
bandwidth of the network link n in MB per second.

Therefore, we can model the time taken to transmit tensor ¢
through link n as follows:

T;;l = (g(t’ n) + r") “Ytn — (g(t, n) - g—(t)’/n)) “Yin " Qi
®)

where rp, is the RTT of the network link n and y is the data size
scaling factor due to quantization, which is y = 4 in our case, as we
are considering FLOAT32 to INT8 quantization.

Additionally, the term in parentheses can be seen as a quan-
tization gain and the y?n variable is subject to the linearization
constraints of product, which are:

Yl < yens yl <qi Yl > ymtqi—1 9

The transmission time T]z‘ of a server k is computed as follows:

DY T+ T
teTp \neENAk=n[0]=n[1] neEnAk=n[0]Ak#n[1]
_ x—self x—other\ _ rx—self x—other
=y (Ttk +TE ) =i
teTp
(10)
where px-self and T*~0ther are the transmission times to itself

and to other nodes, respectively.
Thus, the total transmission time is given by:

™= Y T¥

kEVN

(11)
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5.2.3 Time. The total time T is computed as T = T¢ + T*.

5.2.4 Energy. We assume that the energy consumption of server
k to complete task j (denoted as Ei) is linear with respect to the

time required to perform that task, with ai as the proportionality
coefficient. We thus model the energy consumption as follows:

j _
El  E= ) E
kEVN

(12)

B

i _
s E =

je{cx—self,x—other}

5.3 Quantization Noise Model

As described in Sec. 4, to avoid an explosion in problem size, we
consider only a subset of the model layers as quantizable. Let:

e Vo C Vp be this subset of layers;

* q = {gi}iev,, be the vector of quantization decision variables
of the problem for layers in Vp;

e 1(q) be a d-degree polynomial regression modeling the quan-
tization noise, as defined in Eq. 3;

® P1<|.|<a(Vp) be the power set of Vp restricted to the ele-
ments of cardinality less or equal to d and greater or equal
to 1.

To model the problem linearly, we need to linearize the products
inside n(q). Let g € {0, 1} be a variable representing the logical
product of the variables g; for i € Vg, , where Vg, € P1<|.1<a (Vo).
Each of these variables is subject to the following constraints:

Gz ) g (Vo l-1)

iEVQk

Gk <qi VieVou (13)

Moreover, we define a variable p € {0, 1} where p = 1iff 3i € Vg
such that q; = 1; this variable is subject to the following constraints:

PSZ%’

ieVp

pzqi VieVy; (14)

Let vector g be 4 = {qk}Vleplslllgd(Vg); we can linearize the
polynomial as follows:

A p) =ATg+c-p (15)

where A is the vector of polynomial coefficients and ¢ is the constant
term. Note that 7(0,0) = 0: since no layers are quantized, the model
is identical to the original one and there is no noise on the output.

5.4 Constraints

54.1 Quantization. We assume that only a subset of layers Vg can
be quantized, and thus:

gi=0 Vi¢Vp (16)

5.4.2  Assignment. We enforce that (i) each layer is assigned to
exactly one server, and (ii) input and output layers are assigned to
the server initiating the inference process:

Z xir =1 VieVp;
kEVN

xio=1 VieViuVp (17)
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5.4.3 Flow. We must ensure that a tensor is transmitted over a
network link if and only if both of the following conditions hold:
the tensor source layer is placed on the source node of the link
and at least one of the tensor destination layers is placed on the
destination node of the link. We get:

> xp-1 (18)

eVt
JeVp

1
Ytn < Xiks  Ytn < Z Xjp;  Ytn 2 xik+m
jevy D

Vt € Tp,Vn = (k,h) € EN

where VIS is the set of layers receiving tensor t as input.

5.5 Problem Formulation

Given the model and constraints introduced above, the resulting
optimization problem is defined as follows:

wy - TOTM 4 qyp . EROTM
Eo <o
7(4,p) < Nmax
together with the constraints defined in Sec. 5.4. We further define:
e T"OT™ and E™°"™ as the min—-max normalized versions of T
and E, respectively;
e wr and wg as the weights associated with inference time
and energy consumption, with wr + wg = 1;
o Jo as the energy limit of server k = 0 € Vjy, which we assume

initiates the inference process;
® Imax as the upper bound on the quantization noise.

min

subject to

(19)

5.6 Solution Post-processing

Once the optimal solution is available, we build subgraphs (or, com-
ponents) of the original DNN graph based on layer assignments to
servers. In this phase, dependency cycles may arise between sub-
graphs, as there is no acyclicity constraint enforced in the problem
formulation. We break such cycles by tracking dependencies and
possibly splitting components (see Appendix A for more details).

Once the components are defined, we build the deployment
plan. In this plan, for each component, we indicate the server it is
assigned to and we define the input and output tensors names; this
last information is pivotal in the actuation phase in order to split
the model. We also list the layers that must be quantized, according
to the values of the decision variables.

6 Experiments

6.1 Experimental Setup

We considered three computing layers (device, edge, and cloud)
among which the DNN layers can be split, and deployed our frame-
work on Google Cloud Platform (GCP) using Docker to account
for heterogeneous hardware capabilities and limited resource avail-
ability (with one CPU allocated for both device and edge). For
the network setup, we used tc to emulate bandwidth and latency.
Tables 2 and 3 report the hardware and network settings.

In our evaluation, we focused on YOLO11 family models [7],
specifically the semantic segmentation model YOLO11x-seg (62.1
M parameters, 320.2 GFLOPs), which is one of the most complex
models of the family. This model is made up of 652 layers, with two
additional layers for input and output. We imported the models in
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Table 2: Hardware setup

Machine GPU Comp. power | Tx. power
Device | e2-standard - 2.9165 W 3.507 W
Edge | c3-standard - 5.833 W 2.265 W
Cloud | nl-standard | Tesla T4 35 W 0.014 W

Table 3: Network setup (bandwidth and latency)

Max BW | Lat to Device | Lat to Edge | Lat to Cloud
Device 5 MB/s - 5 ms 55 ms
Edge 20 MB/s 5 ms - 50 ms
Cloud | 100 MB/s 55 ms 50 ms -

ONNX format and used ONNX Runtime as execution framework.
For quantization, we used the APIs provided by ONNX Runtime,
considering a maximum of 12 quantizable layers, which we found
to be a good compromise between the number of possible com-
binations (and the resulting problem complexity) and the benefit
achievable through quantization. To solve the optimization problem,
we used IBM CPLEX.

6.2 Results

We now present the results obtained by running our framework.
In order to obtain them, we first executed the profiling phases on
the target DNN and on the servers; then we solved the problem
for different optimization parameters, thus obtaining the optimized
plan and applying it. As mentioned earlier, we used the total model
runtime on each device to normalize the per-layer runtimes and
quantization gain for that device.

The results are averaged over 25 runs, measured by deploying
the framework in GCP. Energy consumption is estimated using the
linear model presented in Sec. 5.2, since GCP does not provide tools
for directly measuring it.

Our aim is to validate the benefit provided by our framework;
therefore, the baseline we consider is executing the model on just
the device with no quantization applied.

6.2.1 Latency Evaluation. In Fig. 2 we show the results obtained
when optimizing latency (since the standard deviation was negligi-
ble, error bars are not shown). For both the device and device+edge
configurations, we can observe how the quantization improves the
inference time. In the first case, the time decreases from 5.27 s to
3.27 s (a 30.3% improvement), while in the latter it decreases from
3.64 s to 2.42 s (a 33.5% improvement). These improvements are
surprising if we consider that in the last noise configuration, only
12 layers out of 654 are quantized. On the other hand, quantization
does not seem to play a significant role in reducing inference time
when cloud is added. Additionally, in this case the model is fully
executed on the cloud, as it is the fastest hardware. Moreover, pro-
gressively adding more powerful computational resources to the
system leads to lower inference times.

6.2.2 Energy Evaluation. In Fig. 3 we show the numerical values
obtained from optimizing the energy consumption. Again, quanti-
zation has a beneficial effect in reducing energy consumption in
both device and device+edge cases: in the first case, we move from
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Figure 2: Latency optimization (wr = 1)
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Figure 3: Energy optimization (wg = 1)

15.37 J to 10.71 J (a 30.3% improvement), while, in the second case,
we move from 14.93 J to 9.70 J (a 35.0% improvement). In this case,
when the cloud is added, quantization appears to slightly reduce
the overall energy consumption, from 6.96 J to 6.46 J.

6.2.3 Splitting Analysis. In Fig. 4 we show an example of how
the model is split in the device+edge case when optimizing latency.
With the exception of the input and output layers, no split is applied
until the maximum accepted noise reaches 0.075. Below this value,
running the entire quantized model on the edge is considered more
efficient; above this value, quantization reduces the size of the
intermediate tensor in such a way that running the first part of the
model on the device becomes more convenient.

On the other hand, in Fig. 5 we show an example of how the
model is split when optimizing for energy consumption. The be-
havior is similar, but the system nodes used are opposite: in this
case, computation is performed entirely on the device until a cer-
tain noise value is reached. The main reason for this is the high
energy consumption associated with the device when transmitting:
as the quantization reduces tensors sizes, transmission becomes
less energy-intensive, making the splitting more convenient.

6.3 Computational Cost of ILP Resolution

The problem we presented can be seen as a graph assignment prob-
lem and, as such, it is NP-hard. We investigated the time required
for ILP resolution using IBM CPLEX, generating synthetic DNN
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Figure 4: Model splitting: latency optimization (wr = 1) in
device+edge case
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Figure 5: Model splitting: energy optimization (wg = 1) in
device+edge case

models of varying complexities (in terms of number of layers) and
considering a varying number of infrastructure nodes.!

As we do not have a quantization noise model for synthetic
models, we set the maximum quantization noise as 0. Regarding
the optimization objectives, we consider the balanced optimization
case with wr = wg = 0.5, which intuitively is the most complex.

Since one of the key factors affecting the problem resolution time
is the DNN architecture, we built the DNNs in two ways, indicated
as static and random in the following.

Static DNNs are built as sequences of identical layers (from 500
to 1,850), with the addition of input and output layers.

The resulting times for static DNNs, averaged on 5 runs, are
shown in Fig. 6. As expected, the resolution time grows with both
the number of servers and the number of layers in the DNN. The
growth (in logarithmic scale) is close to linear. Nonetheless, we
observe that the resolution times remain acceptable with a high
number of layers and a moderate number of servers: for example,
assuming a maximum resolution time of around 100 s, we would be
able to solve the problem within this threshold for all the considered
DNNs with up to 5 servers; conversely, with 6 servers we could
handle would be 1252 (more than those appearing in the YOLO11
model considered in the evaluation).

Random DNNS are generated from the reference YOLO11x-seg.
Specifically, we use YOLO11x-seg to extract (i) the number of FLOPs
and the output size for each type of layer, and (ii) the number of

!In practice, “nodes” might represent computational layers or data centers.



Energy- and Quantization-aware DNN Partitioning in the Edge-Cloud Continuum (Work In Progress Paper)

—8— # Comp Nodes: 1
—&— # Comp Nodes: 2
—8— # Comp Nodes: 3
1021 —e— # Comp Nodes: 4
—8— # Comp Nodes: 5
—8— # Comp Nodes: 6
=
o
£
=
c
o
=]
2
ﬁ 10t .,/’///.//////.,,,,,,.,,,,,,._,,——“””’/.—————.—————"——’—”.
-4
=3
o
3
100 1 T T T T T T T T T T
502 652 802 952 1102 1252 1402 1552 1702 1852
# DNN Layers
Figure 6: ILP resolution time with static DNNs.
—— # Comp Nodes: 1
# Comp Nodes: 2
—— # Comp Nodes: 3
) —8— # Comp Nodes: 4
10 —— # Comp Nodes: 5
—e— # Comp Nodes: 6 \//‘
z u————
o
£ L ‘______,_———”"P___—___—___—‘
IS -
c
2
5
)
a
g 1
o 10
S

702 812 922

# DNN Layers

1032 1142

Figure 7: ILP resolution time with random DNNs.

edges connecting two layer types. Based on this, we define a uni-
form probability distribution for a layer of type ¢; to be connected
to a layer of type t». We define a fixed number of parallel branches
(ie., 5) and, among these, a main branch. Then, we randomly choose
the branching and merging point of each branch, and randomly
add skip connections for every layer. The main branch is made up
of 500 layers and the secondary of 50 layers. We increase the size of
the main branch by steps of 50 layers, and the size of other branches
by steps of 15 layers.

The resulting times, averaged on 5 runs and represented with
a logarithmic scale, are shown in Fig. 7. While less regular than
in Fig. 6, we observe a similar growth in the resolution times. The
less regular trend in the times demonstrates the impact of the DNN
architecture. For instance, looking at the optimization with 6 servers
and with 1032 and 1142 layers, we note that the former takes more
time than the latter.

7 Conclusions and Open Issues

We presented a framework and an optimization approach for the
deployment of DL models across the edge-cloud continuum, with

53

ICPE Companion 26, May 04-08, 2026, Florence, Italy

the goal of minimizing inference time and energy consumption,
while modeling noise due to quantization. Experimental results on
YOLO models demonstrated that the proposed framework achieves
significant improvements, with reductions in inference time and
energy consumption of up to 30% in certain configurations.

Motivated by these positive results, we plan to extend our ap-
proach along multiple research directions to overcome existing
limitations. First, we plan to validate the proposed framework on
a larger-scale testbed infrastructure, relying on real edge devices,
different classes of models (e.g., LLMs), and tools to estimate the
energy consumption of computing nodes (e.g., PowerAPI). At the
same time, although the resolution times were acceptable in our
evaluation (less than a minute in the device+edge+cloud configura-
tion), we will explore heuristic strategies to overcome the scalability
limitations of the exact ILP solution.

Moreover, we plan to further investigate the correlation between
quantization noise and model accuracy, with the goal of translating
user-specified requirements (e.g., desired accuracy) into maximum
quantization noise constraints. Related to this, we also aim to extend
our approach to enable quantization of more layers.
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A Post-processing Algorithm

Grouping subsequent layers by their assigned server does not guar-
antee an acyclic component graph. Since the optimization problem
in Sec. 5 does not ensure acyclicity, we implemented an algorithm
to prevent deadlocks during inference. The components of the al-
gorithm are presented in Alg. 1.

In the AssignNodesToComponents function, we use topological
sorting to better track dependencies, and input and output layers are
placed in separate components to simplify their management. The
key part of the function is the definition of the excludeSet for the
current layer: this is the set of component identifiers that cannot
be assigned to the layer, as doing so would introduce a circular
dependency; specifically, a component p is excluded if there exists a
component d on which layer I depends and such that a dependency
exists between p and d.

In the UpdateSets procedure, four for loops are used to update
different sets. The first loop updates the possible components of
successor nodes, while the second updates those of parallel nodes
(i.e., layers on a graph branch that is parallel to that of the current
node, which are neither its descendants nor ancestors): if a suc-
cessor/parallel node is assigned to the same server as the current
node, the component of the latter can be a possible component
for the former. This makes it possible to reduce the total number
of components generated by the algorithm and to achieve better
exploitation of optimizations during inference; in fact, we will have
larger components, i.e., larger sub-models, on which it will be easier
to apply optimizations.

The third for loop updates the dependencies of the layers from
the components: once a node is assigned to a component, all its
descendant nodes (i.e., nodes that depend directly or indirectly on
its output) will depend on this component and on all components
it in turn depends on.

The fourth for loop ensures that, if other components depend
on the component to which the node has been assigned, their de-
pendencies are updated with those of the added layer.
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Algorithm 1 Assignment of Nodes to Components

1: Function AssiGNNoDESToOCOMPONENTs(modelGraph, assignmentMap)

2: Initialize empty tables nodeComponentAssignment, nodeDepDict, node-
PosDict, compDepDict

: for each node n in modelGraph.getNodes() do

Assign the empty set to entry n in nodeDepDict

Assign the empty set to entry n in nodePosDict

: end for

: for each node n in the topological ordering of modelGraph do

dependencySet «— set of dependencies of n from nodeDepDict

possibleSet « candidate components of n from nodePosDict

10:  Initialize excludeSet as an empty set

11:  for each component cgep in dependencySet do

R A A 2

12: for each candidate component cpos in possibleSet do

13: if cpos is in dependencies of cgep in compDepDict then
14: Add cpos to excludeSet

15: end if

16: end for

17:  end for
18:  differenceSet « possibleSet \excludeSet
19:  if differenceSet is empty or n is an input or output node then

20: nodeCompld < a new component id based on assignmentMap[n]

21:  else

22: nodeCompld < an arbitrary element of differenceSet

23:  endif

24:  Record in nodeComponentAssignment the association between n and
nodeCompld

25:  UPDATESETS(modelGraph, assignmentMap, n, nodeCompld, nodeDep-
Dict, nodePosDict, compDepDict)

26: end for

27: end function AssiGNNODESTOCOMPONENTS

28:

29: Procedure UpPDATESETS(modelGraph, assignmentMap, n, nodeCompld,
nodeDepDict, nodePosDict, compDepDict)

30: if n is not an input node in modelGraph then

31:  for each successor node s of n in modelGraph do

32: if assignmentMap[n] equals assignmentMap[s] then
33: Add nodeCompld to nodePosDict[s]
34: end if

35:  end for

36:  for each parallel node p of n in modelGraph do

37: if assignmentMap[n] equals assignmentMap[p] then

38: Add nodeCompld to nodePosDict[p]

39: end if

40:  end for

41: end if

42: Extend compDepDict[nodeCompld] with nodeDepDict[n] \{nodeCom-
pld)

43: for each descendant node d of n in modelGraph do

44:  Add nodeCompld to nodeDepDict[d]

45:  Extend nodeDepDict[d ] with compDepDict[nodeCompld]

46: end for

47: for each component id cozpe, in the keys of compDepDict do

48:  if nodeCompld belongs to compDepDict[cyiper] then

49: Extend compDepDict[cosper] With nodeDepDict[n] \{nodeCompld}
50:  end if
51: end for

52: end procedure UPDATESETS
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